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Arabidopsis thalianaa cis-regulatory element based computational approach to genome-wide
identiﬁcation of genes putatively responding to various osmotic stresses in Arabidopsis thaliana. The rationale
of our method is that gene expression is largely controlled at the transcriptional level through the
interactions between transcription factors and cis-regulatory elements. Using cis-regulatory motifs known to
regulate osmotic stress response, we therefore built an artiﬁcial neural network model to identify other
functionally relevant genes involved in the same process. We performed Gene Ontology enrichment analysis
on the 500 top-scoring predictions and found that, except for un-annotated ORFs (∼40%), 91.3% of the
enriched GO classiﬁcation was related to stress response and ABA response. Publicly available gene
expression proﬁling data of Arabidopsis under various stresses were used for cross validation. We also
conducted RT-PCR analysis to experimentally verify selected predictions. According to our results, transcript
levels of 27 out of 41 top-ranked genes (65.8%) altered under various osmotic stress treatments. We believe
that a similar approach could be extensively adopted elsewhere to infer gene function in various cellular
processes from different species.
© 2008 Elsevier Inc. All rights reserved.Introduction
Identiﬁcation of genes that speciﬁcally respond to internal and
external cues remains one of the most compelling yet elusive areas in
computational genomics. Currently, the commonly used gene ﬁnding
approach is a consensus-based comparative analysis that relies on
sequence homology among genes in closely related species [1].
However, this method has limited application because a considerable
proportion of sequenced genomes still remain uncharacterized.
Furthermore, the consensus-based method may not be an efﬁcient
way of identifying genes that are induced under speciﬁc environ-
mental stimuli.
Gene expression is largely controlled at the transcriptional level,
where the interactions between transcription factors (TFs) and cis-
regulatoryelements in thepromoter region of a gene play crucial roles [2].
Previous research suggests that functionally related genes tend to be co-
regulated by similar sets of transcription factors. It is therefore
theoretically possible to use cis-regulatory motifs known to regulate
gene expression in a particular cellular process to identify other
functionally relevantgenes involved in the sameprocess.Whencombined, djguo@cuhk.edu.hk (D. Guo).
l rights reserved.with experimental veriﬁcation, this has been demonstrated to be an
effective approach to genome-wide targeted gene identiﬁcation [3].
Drought, high salinity, and low temperature are three major osmotic
stresses that adversely affect plant growth, development, or productivity.
Since all these three types of stresses can cause water deﬁcit, they are
collectively termed osmotic stress. Osmotic stress elicits a dehydration
response in plants that shares many common elements and interacting
signaling pathways [2–4], which have been suggested to be Abscisic Acid
(ABA) dependent [5]. Subsequent analysis of the ABA-regulated gene
promoter region has led to the identiﬁcation of several ABA-responsive
elements (ABREs) [6,7]. Zhang et al. [3] reported a computational
approach to identify putative ABA-responsive genes using conserved
ABA-responsive element (ABRE) and its coupling element (CE). Using a
similar cis-element based approach, other researchers have used
promoters containing well-deﬁned TF binding motifs for targeted gene
ﬁnding in Drosophila melanogaster [8] and C. elegans [9]. Although this
approach has undoubtedly been successful, researchers have so far used
only one or two speciﬁcally deﬁned motifs for gene screening. In fact, a
growingbodyof evidence suggests that functionally related genes tend to
be regulated by a common set of regulatory proteins to form so-called
transcription regulatorymodules,which respond to internal and external
signals. By organizing the genome into such modules, a living cell can
coordinate the activities of many genes and carry out complex functions
[10]. To trace gene function inference in complex cellular process such as
stress response, more sophisticated approaches are required.
Table 1
GOBP description of top predictions using ANN computational model
GOBP term No. of gene P-value
Cold acclimation 11 2.49E−04
Response to abscisic acid stimulus 18 6.45E−04
Response to water 14 0.006
Response to temperature stimulus 22 0.007
Response to cold 16 0.008
Response to water deprivation 7 0.013
Development 28 0.015
Response to hormone stimulus 18 0.015
Response to abiotic stimulus 34 0.020
Response to salt stress 5 0.034
Seed development 7 0.035
Response to chemical stimulus 25 0.035
Reproductive structure development 7 0.039
Actin cytoskeleton organization and biogenesis 4 0.041
Response to stimulus 44 0.042
489Y. Li et al. / Genomics 92 (2008) 488–493The Artiﬁcial Neural Network (ANN) is an information processing
paradigm that takes its inspiration from the way in which biological
nervous systems process information. It has been previously used for
transcription start site prediction [6,11,12] and translation initiation
site prediction [13]. In this study, we extend the ANN modeling
approach to plant functional genomics by identiﬁcation of genes
responding to drought, cold, and salinity stress in A. thaliana. We
demonstrate its efﬁcacy by Gene Ontology enrichment analysis as well
as by RT-PCR analysis.
Results and discussion
In silico gene identiﬁcation and gene ontology analysis
Using cis-regulatory motifs known to regulate osmotic stress
response, we built an artiﬁcial neural network model to identify other
relevant genes involved in the same process. The trainedmodel (Fig.1)
was able to distinguish between genes that do and do not respond to
stress, based on the motif patterns of gene promoters in the training
dataset. We then applied the model to the candidate dataset to infer
the function of the unknown genes.
According to network theory [14,15], genes in a co-expression
context often share conserved biological functions. To investigate the
signiﬁcant functional annotation of our predictions, we selected the 500
top-scoring predictions (Supplementary ﬁle 3, 4) and performed Gene
Ontology (GO) enrichment analysis (Tables 1 and 2). GO provides a
controlled vocabulary for describing genes and gene products in living
organisms [16]. We used terms from “Biological Process” (GOBP), which
is one of the three broad GO categories (the other two being “Molecular
Function” and “Cellular Component”), to represent gene function. GOBP
terms are organized into a directed acyclic graph (DAG) to reﬂect the
hierarchical relationships between the terms. Parent GOBP terms are
subdivided into increasingly speciﬁc child GOBP terms. The GOBP term
“response to stress” has 19 child terms, includingGO:0009409 [response
to cold], GO:0009408 [response to heat], and GO:0009414 [response toFig. 1. Training of ANN model. Bayesian regularization is a network training function
that updates the weight and bias values according to Levenberg–Marquardt
optimization. It minimizes a combination of squared errors and weights, and then
determines the correct combination so as to produce a network that generalizes
well. A. Error curves generated during network training. Validation set error (green)
line and test set error (red) line follow a similar pattern, indicating a reliable
training result. B. Weight curve stabilizes with the training, indicating that a stable
network topology is achieved. C. Change of parameters formed from a combination
of training error and weight during the training process.water deprivation]. The GO enrichment analysis compares the annota-
tion composition in the analyzed gene list to that of a population of
background genes. We used the DAVID default population background
in our enrichment calculation, representing the corresponding genome-
wide genes with at least one annotation in the analyzing categories. The
default background is a goodchoice for studies in genome-wide scope or
close to genome-wide scope.
According to our GO enrichment analysis (Table 1), once un-
annotated ORFs (∼40%) were discarded, more than 90% (73/80=91.3%)
of the signiﬁcantly enriched GO classiﬁcation was related to stress
response or ABA response. ABA is known to play a protective role in
plant response to osmotic stress [17–19], and a large number of genes
responding to abiotic stress are also inducible by ABA treatment [19].
The GO enrichment analysis clearly demonstrated that our cis-
regulatory motif based computational model is a reliable method of
inferring gene function at the genome level.
Cross validation using gene expression proﬁling data
Since many functionally related genes display coordinated tran-
scriptional regulation, large-scale gene expression measurements canTable 2
Top-scoring osmotic stress-inducible genes and experimental veriﬁcation
Locus ID Description Treatment Fold
change
At3g29575 Similar to TMAC2 Salt +2.2
At3g22380 Nucleus-acting plant-speciﬁc clock regulator Cold +5.6
At2g40970 Myb family transcription factor Drought +6.3
At2g39530 Integral membrane protein Drought −8.7
At2g27990 BEL1-like homeobox gene Drought +10
At2g26720 Plastocyanin-like gene Salt +2.5
At2g25620 Protein phosphatase Drought +5.3
At2g20370 Exostosin family protein Drought +6.7
At5g64780 Hypothetical Salt −3.2
At5g50920 Similar to ATP-dependent Clp protease Salt −2.6
At4g28703 Hypothetical Cold +2.4
At4g25520 SLK3 (SEUSS-LIKE 3); transcription regulator Salt −9.4
At4g20990 Carbonic anhydrase family protein Salt −4.8
At4g16155 Dihydrolipoamide dehydrogenase Cold +1.6
At4g04870 Cardiolipin synthase Cold −5.7
At2g01720 Ribophorin I family protein Cold −2.2
At3g07390 Hypothetical Cold −3.6
At4g21020 Hypothetical Salt +4.6
At3g28380 ABC transporter Salt −2.8
At5g32482 Similar to CCHC-type zinc knuckle family protein Cold +2.3
At3g57280 Hypothetical Cold −3.6
At3g45600 TETRASPANIN family member Cold +4.4
At3g44730 Kinesin motor protein-related Cold −5.8
At3g44410 Similar to disease resistence protein Salt +8.9
At1g16540 Molybdenum cofactor sulfurase Salt +2.6
At3g20720 Hypothetical Cold +3.1
490 Y. Li et al. / Genomics 92 (2008) 488–493serve as a check point for our in silico prediction. Comparison of
our prediction with stress microarray data from AtGenExpress
revealed that about 30% of the top-scoring gene transcripts were
signiﬁcantly changed upon stress treatment (P-value≈0). However,
microarray gene expression data, although a powerful tool forFig. 2. Comparative E-northern analysis of top-scoring genes vs. randomly selected genes. G
randomly selected gene). Rows represent genes and columns represent experimental condit
log2 of the ratio of the average of replicate treatments relative to the average of correspondproviding global transcriptome information, is notoriously noisy
and discontinuous. Some genes that are rapidly and transiently
induced by stress may not be detected by microarray analysis.
At1g16540, which encodes molybdenum cofactor sulfurase, was
predicted as a stress response gene by our method. Although directenes were labeled by different IDs (“At———” for high scoring genes and “at————” for
ions, such as high salinity, cold, or drought stress etc. The color at a point represents the
ing controls.
Fig. 3. RT-PCR analysis of high scoring predictions. Four-week-old Arabidopsis seedlings
were subjected to high salinity, cold, or drought for 4 h, 48 h or 72 h respectively. RT-PCR
analysis was performed to measure the transcript abundance with Actin 2 as internal
control.
491Y. Li et al. / Genomics 92 (2008) 488–493measurement of its transcript abundance is lacking, previous
studies have indicated that this protein may play an important
role in regulating several genes relevant to stress, including RD29A,
COR15, COR47, RD22, and P5CS [20,21]. However, published Arabi-
dopsis stress microarray data have failed to record the differential
expression of this gene. Another top-scoring gene At2g23430 (GO:
0009737), which encodes a cyclin-dependent kinase inhibitor
known to respond to ABA stimulus [22], also failed to be detected
in the stress microarray data. Furthermore, gene expression at the
mRNA level does not always reﬂect the protein function due to
post-transcriptional and post-translational regulation. Our method
may serve as a complementary approach to gene expression
analysis in stress response gene identiﬁcation.
To provide visual evidence to support our computational
prediction, we generated an Electronic-Northern (E-northern) heat
map (Fig. 2) for 42 top-scoring genes (upper part of the image) and
42 randomly selected genes beyond the prediction list (lower part of
the image), using the Expression Browser tool of the Botany Array
Resource (BAR) [22] and the AtGenExpress stress data. From E-
Northern analysis, we observed up-regulation and down-regulation
of more than 60% (28 out of 42) of our predictions. Strong up- and
down-regulation among the genes in the training data was also
observed (data not shown). By contrast, randomly selected genes
show much less change upon stress treatment. Since a gene that
shows signiﬁcant alteration at transcript level under stress condi-
tions is likely to be involved in response to stress, we conclude that
the regulatory motif in the promoter region is highly indicative of
gene function and can therefore be used for in silico gene
identiﬁcation. The rapid development of cis-elements databases
such as TRANSFAC [23], PLACE [24,25] and PlantCARE [26,27]
provides a valuable resource that can be used to identify more
cis-regulatory motifs relevant to cellular response to various internal
and external stimuli.
Experimental validation and comparison with other methods
To further assess the effectiveness of our method, the Arabi-
dopsis seedlings were subjected to various osmotic stress treat-
ments (see Materials and methods) and the transcript abundance of
selected high scoring genes were monitored by RT-PCR analysis
(Fig. 3). Gene-speciﬁc primers were designed based on the cDNA
full-length sequence. Overall, 27 of 41 tested genes, including
At1g16540, which encodes molybdenum cofactor sulfurase, showed
altered level of expression compared to the control, giving a
prediction accuracy of 65.8% for the top-scoring predictions
(Supplementary ﬁgure 1). Table 2 summarizes the RT-PCR results
of osmotic stress-inducible genes. Some of the tested genes
exhibited varied expression patterns under different types of stress
treatment (data not shown), suggesting possible synergistic effects
of multiple transcription factors involved in various types of
osmotic stress. We believe that the identiﬁcation of distinctive
classes of transcription-factor binding motifs under speciﬁc stress
condition will facilitate more efﬁcient computational discovery of
stress relevant genes. Knowledge of this kind will also play an
important part in helping us to understand the cross-talk between
distinctive signaling pathways and the underlying regulatory
machinery of cellular stress response.
Cis-regulatory element based gene identiﬁcation has been
reported in three previous studies [3,8,9]. The researchers con-
cerned utilized one or two well-deﬁned cis-regulatory motifs to
search for functionally related genes and achieved various degrees
of prediction accuracy (ranging from 34% to 72%). As a comparison,
we used a set of diverse regulatory motifs (55 in total, supplemen-
tary ﬁle 1) identiﬁed from promoters of both experimentally
validated and computationally predicted stress responsive genes to
train an ANN model. The learned model achieved a comparableprediction accuracy of 67.8% for the top-scoring predictions in our
study. Our results, together with those from other groups, further
demonstrate that cis-regulatory motifs are highly indicative of gene
function. As more information on transcription factors and their
DNA binding information become freely available, we believe that
this computational approach could be extensively adopted else-
where to infer gene function in various cellular processes from
different organisms.
Materials and methods
Stress responsive genes and cis-regulatory elements
Cis-regulatory elements in the promoter region of drought, salinity,
and/or cold stress responsive genes were collected from public
database PLACE [24,25], PlantCARE [26,27], and DoOP [28]. Other
motifs were collected by reference to previous studies in this ﬁeld. The
redundant motifs were eliminated and a total of 55 cis-acting
elements were collected for further analysis. A Bioperl module was
used to search for signiﬁcant motifs occurring in the promoter region.
P-value was calculated to conﬁrm the signiﬁcance of motif detection
(Poisson distribution [16]).
Promoter sequences
Arabidopsis genome sequences were downloaded from TAIR [29].
Transcription start sites (TSSs) were predicted using TSSP-TCM
software from Shahmuradov's group. When multiple TSSs were
predicted, the one closest to the ORF was chosen. For each given
TSS, we retrieved a segment from 500 bases upstream to 20 bases
downstream of the TSS for motif analysis (Supplementary ﬁle 2). In
total, the TSSs of 18061 ORFs were retrieved.
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A Bioperl module was used to search for signiﬁcant motifs
occurring in the promoter region of reported stress responsive
genes. P-value was calculated to conﬁrm the signiﬁcance of motif
detection. The ANN toolkit in Matlab was used to establish a feed-
forward cascade neural network model. For network training and
simulation, we retrieved the promoter region of 362 genes
annotated as “response to drought, high salinity, or cold stress”
according to Gene Ontology terminology [30,31] and used these as a
positive dataset. The promoter sequences of a group of randomly
selected 1086 ORFs (3 fold of positive dataset) from the rest of the
gene pool (not annotated as “response to stress or ABA treatment”
according to GO) were used as a negative dataset. The number of
times each cis-regulatory element appears in the promoter region
and the ratio of cis-element length to promoter length (we deﬁned
it as coverage) were taken as inputs for the network training.
Principle component analysis was conducted to eliminate the input
node with least effect.
Gene expression data analysis and GO enrichment
Microarray gene expression data was collected from AtGenEx-
press [32]. The dataset includes global Arabidopsis transcriptome
proﬁle change over UV-B light, high salinity, drought and cold
stress responses. The raw data was normalized using RMAExpress
[32,33] and differentially expressed genes were detected using BRB
ArrayTools [34] (Pb0.05). The subset of differentially expressed
genes contains 3276 gene transcripts identiﬁers with signiﬁcantly
higher abundance at least once per treatment and per time-point.
We performed GO term enrichment analysis using the software
suite DAVID 2007 (The Database for Annotation, Visualization and
Integrated Discovery 2007) [35]. The enrichment analysis compares
the annotation composition in the analyzed gene list to that of a
population of background genes. We used the DAVID default
population background, representing the corresponding genome-
wide genes with at least one annotation in the analyzing
categories, in our enrichment calculation.
Plant materials, stress treatment, and RT-PCR analysis
Four-week-old seedlings were grown in a controlled environ-
ment growth chamber under a 16 h light/8 h dark period, a photo
ﬂuency rate of 3000 lx, and a temperature of 22 °C. For salinity
stress treatment, seedlings were subjected to 250 mM NaCl and
samples were collected at 4 h, 12 h and 24 h time points
respectively. For cold stress and drought stress, seedlings were
incubated at 4 °C and 22 °C respectively in the dark and samples
were collected at 24 h , 48 h and 72 h . Samples were also collected
from control plants grown under the same conditions for parallel
comparison.
Total RNA was extracted from whole seedlings of the control
plants and stressed plants using RNeasy Plant Mini Kit (Qiagen,
Germany). First-strand cDNA was synthesized from 1.5 μg of total
RNA using super script II Kit (Invitrogen) (Invitrogen) with Oligo(dT)
12−18 mer, in accordance with the manufacturer's instructions. PCR
was performed using 0.5 to 2 μL of the cDNA in a total of 25 μL
reaction volume. The PCR conditions were 2 min at 94 °C, 1 min at
94 °C for 29 cycles, 1 min at 58 °C, 1 min at 72 °C, followed by 5 min
at 72 °C. These conditions were chosen because none of the samples
analyzed reached a plateau at the end of the ampliﬁcation (i.e. they
were at the exponential phase of the ampliﬁcation). Actin was used
as a loading control, and loading was estimated by staining the gel
with ethidium bromide. Expression analysis of each gene was
conﬁrmed in at least 2 independent RT-reactions using forward and
reverse primers. Scanned Molecular Dynamics gel images werequantitatively analyzed using the AFLP-Quantar-ProTM image
analysis software (Keygene, Belgium).
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